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Thanks to ARPA-E and PNNL (esp. Steve Elbert and Arun Veeramany)



Solving a Large-Scale Mixed-Integer Nonlinear Program

Only 97 pages to get the formulation right

3

https://gocompetition.energy.gov/sites/default/files/Challenge2_Problem_Formulation_20210531.pdf


Solving a Large-Scale Mixed-Integer Nonlinear Program

Only 97 pages to get the formulation right


At an abstract level, this is what we’re dealing with:

4

https://gocompetition.energy.gov/sites/default/files/Challenge2_Problem_Formulation_20210531.pdf


Solving a Large-Scale Mixed-Integer Nonlinear Program

Only 97 pages to get the formulation right


At an abstract level, this is what we’re dealing with:

5

Many many non-convex 
constraints!

Many many discrete and 
continuous variables!

https://gocompetition.energy.gov/sites/default/files/Challenge2_Problem_Formulation_20210531.pdf


How Many is Many Many?

Largest instance has 1,224,080,000 variables and 837,488,000 constraints.
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https://gocompetition.energy.gov/challenges/23/datasets
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This Being Said

Only a subset of these variables and constraints matter

Due to the flexibility of contingency constraints and the large cost of basecase objective

https://gocompetition.energy.gov/challenges/23/datasets
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Largest instance has 612,040 important variables and 418,744 important constraints.

This Being Said

Only a subset of these variables and constraints matter

Due to the flexibility of contingency constraints and the large cost of basecase objective

https://gocompetition.energy.gov/challenges/23/datasets
https://gocompetition.energy.gov/challenges/23/datasets


How Many is Many Many?
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Only a subset of these variables are 
free, the rest fall under “auxiliary” 

variables

Largest instance has 612,040 important variables and 418,744 important constraints.

Only a subset of these Constraints will 
be active, the rest fall under “redundant” 

constraints

https://gocompetition.energy.gov/challenges/23/datasets
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10

Largest instance has 612,040 important variables and 418,744 important constraints.

Variable Projection Lazy Constraint Generation

Only a subset of these variables are 
free, the rest fall under “auxiliary” 

variables

Only a subset of these Constraints will 
be active, the rest fall under “redundant” 

constraints

Down to ~50,000 variables and constraints

https://gocompetition.energy.gov/challenges/23/datasets


Discretely Dealing With Discreteness
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Iterative Batch Rounding
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Iterative Batch Rounding

Inspired by MINLP heuristics such as Feasibility Pump[1] and Fix-and-Relax [2]

[2] G. Belvaux and L. A. Wolsey, “bc—prod: A specialized branch-and-cut

system  for  lot-sizing  problems,” Management Science,  vol.  46,  no.  5, pp. 724–738, 2000

[1] M. Fischetti, F. Glover, and A. Lodi, “The feasibility pump,”
Mathematical Programming, vol. 104, no. 1, pp. 91–104, 2005
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Discretely Dealing With Discreteness
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Iterative Batch Rounding

Two observations:


1. Different batch orderings can (dramatically) impact solution quality

2. Different rounding techniques can (dramatically) impact solution quality



Rounding Binaries in Piecewise Linear Functions
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Orthogonal 
Projection Fixed-Coordinate



Dealing With Numerical Convergence
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One solver to rule them all: 
IPOPT[3]

[1] A.  Waechter  and  L.  T.  Biegler,  “On  the  implementation  of  a  primal-dual  interior  point  filter  line  search  
algorithm  for  large-scale  nonlinear programming,” Math. Programming, vol. 106, no. 1, pp. 25–57, 2006.
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One solver to rule them all: 
IPOPT[3]

[1] A.  Waechter  and  L.  T.  Biegler,  “On  the  implementation  of  a  primal-dual  interior  point  filter  line  search  
algorithm  for  large-scale  nonlinear programming,” Math. Programming, vol. 106, no. 1, pp. 25–57, 2006.

IPOPT can be picky, preferring some formulations to others

IPOPT can be moody, disliking some starting points and variable bounds



Dealing With Numerical Convergence
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• Projection of auxiliary variables


A good tradeoff between Jacobian/Hessian sparsity and number of equations


<latexit sha1_base64="OPvHTS72CYha6Ql77LC9ULFJRZ8=">AAACB3icbVC7TsMwFHXKq5RXgBEJWbRIDKhKOgBjBQtjkehDaqPIcZzW1HGC7SBVUTcWfoWFAYRY+QU2/gYnzQAtV7LO0Tn36voeL2ZUKsv6NkpLyyura+X1ysbm1vaOubvXkVEiMGnjiEWi5yFJGOWkrahipBcLgkKPka43vsr87gMRkkb8Vk1i4oRoyGlAMVJacs3DWuwOa6dQw10G9zkg7sOa0tQ1q1bdygsuErsgVVBUyzW/Bn6Ek5BwhRmSsm9bsXJSJBTFjEwrg0SSGOExGpK+phyFRDppfscUHmvFh0Ek9OMK5urviRSFUk5CT3eGSI3kvJeJ/3n9RAUXTkp5nCjC8WxRkDCoIpiFAn0qCFZsognCguq/QjxCAmGlo6voEOz5kxdJp1G3z+rWTaPavCziKIMDcAROgA3OQRNcgxZoAwwewTN4BW/Gk/FivBsfs9aSUczsgz9lfP4AzkCWFw==</latexit>

pg, pj , qj , and tj
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• Projection of auxiliary variables


A good tradeoff between Jacobian/Hessian sparsity and number of equations


• Dealing with non-differentiability


<latexit sha1_base64="OPvHTS72CYha6Ql77LC9ULFJRZ8=">AAACB3icbVC7TsMwFHXKq5RXgBEJWbRIDKhKOgBjBQtjkehDaqPIcZzW1HGC7SBVUTcWfoWFAYRY+QU2/gYnzQAtV7LO0Tn36voeL2ZUKsv6NkpLyyura+X1ysbm1vaOubvXkVEiMGnjiEWi5yFJGOWkrahipBcLgkKPka43vsr87gMRkkb8Vk1i4oRoyGlAMVJacs3DWuwOa6dQw10G9zkg7sOa0tQ1q1bdygsuErsgVVBUyzW/Bn6Ek5BwhRmSsm9bsXJSJBTFjEwrg0SSGOExGpK+phyFRDppfscUHmvFh0Ek9OMK5urviRSFUk5CT3eGSI3kvJeJ/3n9RAUXTkp5nCjC8WxRkDCoIpiFAn0qCFZsognCguq/QjxCAmGlo6voEOz5kxdJp1G3z+rWTaPavCziKIMDcAROgA3OQRNcgxZoAwwewTN4BW/Gk/FivBsfs9aSUczsgz9lfP4AzkCWFw==</latexit>

pg, pj , qj , and tj

<latexit sha1_base64="6D5XFui321pEkwK2lW1wgc9FG4U="></latexit>q
(poe)

2 + (qoe)
2 + ✏  r̄evi + se + ✏
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• Projection of auxiliary variables


A good tradeoff between Jacobian/Hessian sparsity and number of equations


• Dealing with non-differentiability


• A good starting point and good bounds

<latexit sha1_base64="OPvHTS72CYha6Ql77LC9ULFJRZ8=">AAACB3icbVC7TsMwFHXKq5RXgBEJWbRIDKhKOgBjBQtjkehDaqPIcZzW1HGC7SBVUTcWfoWFAYRY+QU2/gYnzQAtV7LO0Tn36voeL2ZUKsv6NkpLyyura+X1ysbm1vaOubvXkVEiMGnjiEWi5yFJGOWkrahipBcLgkKPka43vsr87gMRkkb8Vk1i4oRoyGlAMVJacs3DWuwOa6dQw10G9zkg7sOa0tQ1q1bdygsuErsgVVBUyzW/Bn6Ek5BwhRmSsm9bsXJSJBTFjEwrg0SSGOExGpK+phyFRDppfscUHmvFh0Ek9OMK5urviRSFUk5CT3eGSI3kvJeJ/3n9RAUXTkp5nCjC8WxRkDCoIpiFAn0qCFZsognCguq/QjxCAmGlo6voEOz5kxdJp1G3z+rWTaPavCziKIMDcAROgA3OQRNcgxZoAwwewTN4BW/Gk/FivBsfs9aSUczsgz9lfP4AzkCWFw==</latexit>

pg, pj , qj , and tj

<latexit sha1_base64="6D5XFui321pEkwK2lW1wgc9FG4U="></latexit>q
(poe)

2 + (qoe)
2 + ✏  r̄evi + se + ✏

<latexit sha1_base64="0l9FiGRmG5NI05WHAwukQSLgdUs="></latexit>

min
�
0,
¯
qg

�
 qg  max (0, q̄g) (1)

� 1.5re  poe  1.5re (2)

� 1.5re  pde  1.5re (3)

� 1.5rf  pof  1.5rf (4)

� 1.5rf  pdf  1.5rf (5)

� 2⇡  ✓i  2⇡ (6)



Work In Progress
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• Projection of all auxiliary variables


• Building Convex Restrictions


• Building Convex Relaxations


• Lazy Constraint Generation for Contingencies

From “Convex Restriction of Power Flow Feasible Sets” 

by Lee et al.

Lee, Dongchan, et al. "Convex restriction of power flow feasibility sets." IEEE Transactions on Control of Network 
Systems 6.3 (2019): 1235-1245.

https://arxiv.org/pdf/1803.00818.pdf


Things that Really Helped
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• Starting modeling early-on (worked hard for Trial 1)


• Using a fast modeling language with symbolic differentiation and disjunctive 

constraint support (Gravity)


• Testing, testing and testing (a total of 2650 submissions to the sandbox) 

https://www.gravityopt.com/


Thanks!


